Abstract: Warming, i.e., increments of temperature, is evident at the global, regional, and local level. However, understanding the dynamics of local warming at high spatial resolution remains challenging. In fact, it is very common to see extremely variable land cover/land use within built-up environments that create micro-climatic conditions. To address this issue, our overall goal was to generate a local warming map for the period 1961-2010 at 15 m spatial resolution over the southern part of the Canadian province of Alberta. Our proposed methods consisted of three distinct steps. These were the: (i) construction of high spatial resolution enhanced vegetation index (EVI) and normalized difference vegetation index (NDVI) maps; (ii) conversion of air temperature (T a ) normal (i.e., 30 years average) at higher spatial resolution using vegetation indices (VI); and (iii) generation of a local warming map at 15m spatial resolution. In order to execute this study, we employed MODIS-driven air temperature data, EVI and NDVI data, and Landsat-driven vegetation indices. The study uncovered that around 58% (up to positive 1 • C) of areas in the considered study region were experiencing increased temperature; whereas only about 4% of areas underwent a cooling trend (more than negative 0.25 • C). The remaining 38% did not exhibit significant change in temperature. We concluded that remote sensing technology could be useful to enhance the spatial resolution of local warming maps, which would be useful for decision-makers considering efficient decisions in the face of increments in local temperature.
Introduction
The magnitude, rate, and pattern of global, regional, and local warming is evident in the face of climate change, which have been well documented in several research articles [1] [2] [3] [4] . The global average temperature of the Earth has increased, but year-to-year variability in local climates impedes the identification of clear changes in observation and human experience [5] . It is expected that urbanization could expand globally to triple its extent in the year 2000 by 2030 due to the projected urban population increase to nearly five billion [6, 7] . In fact, urbanization modifies local land cover, habitats, hydrology, biochemistry, and surface energy balance [8] . Such rapid urbanization causes land fragmentation [9, 10] , and creates urban heat islands (UHI), i.e., a suite of localized climate shifts, due to densely built impervious land cover [7, 11] . The temperature across the urban landscape can vary at the finer spatial scale due to the presence of various land covers, such as buildings, parking lots, roads, parks, etc., within a given small area [7] . Even the temperature could vary within a single building perimeter, for example, areas of a building facing towards the sun and the corresponding building shadow areas would not have a similar temperature. Such local variations and the overall urban UHI would affect the local to regional surface energy balance [6, 7, 11] . Therefore, it becomes important to map the temperature variations over urban areas (in other words, local warming) at a finer spatial resolution for urban planners and decision makers to maintain sustainable environmental quality and human well-being.
Moreover, with an increasing number of local governments and community organizations getting involved in climate adaptation policies and planning, empirical evidence is critical to foresee temperature changes at the local scale to recognize future issues related to natural hazards (i.e., drought, flood, forest fires) and natural resource management (i.e., agricultural productions, water resources, forests) due to climate change. One of the critical components of such climate change being considered is the increment of temperature at different scales. In fact, temperature changes at the local level are important but lack scientific evidence due to little known information in comparison to the global and regional scale. Evidence suggests that global and regional warming trends are characterized in the contemporary literature at several spatial resolutions such as 500 km [1] , 5 km [4] , and 1 km [12] . However, this information has little implication for comparatively smaller counties, municipalities, communities, and local government organizations across the world.
In comprehending the dynamics of local warming regimes, one of the most commonly used methods is the employment of meteorological station-based air temperature (T a ) measurements, which is usually measured at the level of 1.2-2 m height above the ground surface [13] . In general, such measurements are quite accurate; however, due to the fact that they are point-specific, thus they are unable to capture the spatial distribution in particular in remote areas with very limited accessibility and heterogeneous landscapes. In this context, one of the alternatives is the use of satellite-based remote sensing data, which often acquires information about the Earth's surface at regular time intervals over a large geographic extent. Consequently, the use of remote sensing data may provide a unique opportunity for studying local warming at a reasonable spatial resolution. However, employing satellite-based remote sensing data for longer time periods (i.e., from 1961-it was not possible to obtain satellite imagery at a certain spatial resolution until early 2000) is somewhat difficult. In addition, an expected reasonable finer spatial resolution that could be useful for smaller communities may not be readily available. Hence, an alternative technique for generating such reasonable finer spatial resolution land surface temperature data is required.
Very recently, Rahaman et al. [12] demonstrated that a satellite remote sensing-based local warming modelling framework is possible at a spatial resolution of 1 km using MODIS-derived satellite imagery. However, this methodological advancement can be useful for making decisions related to warming trends at larger scales (i.e., 1 sq. km area) in bigger cities and may not be representative for local government organizations in small urban centers. In reality, a series of issues (i.e., sprawling, inappropriate land use, water stress, etc.) are being considered because of rapid urbanization and development to respond to the major challenges of climate change in relatively smaller counties, townships, and urban centers [14] . For instance, it is decisive to enhance the spatial resolution of local warming maps that would help urban planners, researchers, communities, and decision-makers to perceive environmental stresses at the local level. In generating such local warming maps, there are two commonly used methods available: generating maps based on data obtained from climatic stations [5, 15] , and producing information derived from satellite-borne remotely-sensed imagery [12] .
In addition, satellite-born remote sensing data have been widely used in scientific research in recent decades, aiming at delineating urban heat island (UHI) maps [16] [17] [18] [19] , which are similar to understanding local warming dynamics. Almost all of these scientific methods saliently feature the use of several remotely sensed platforms (i.e., Landsat, MODIS, etc.) at a spatial resolution spanning over 30 to 1000 meters with a temporal resolution between 1 and 16 days. The scientific approaches in this research mainly attempt to build a relationship between the surface temperature (T s ) and vegetation indices (VI) over the urban areas to demonstrate the UHI at the local level [20, 21] . In such cases, the emphasis is on detecting the changes of vegetation greenness and comparing the associated deviations of T s simultaneously. Among several vegetation indices, the Normalized Difference Vegetation Index (NDVI; calculated as a function of the red and near infrared spectral bands), and the Enhanced Vegetation Index (EVI; a function of the red, near infrared, and blue bands) are generally used to depict UHI while comparing the values with T s [22, 23] . In general, the higher NDVI/EVI values demonstrate lower T s due to the fact that the presence of vegetation regulates the T s while comparing the surrounding built up areas [16, 24] . However, this relationship does not comply with the general assumption in a large mega city (i.e., Mumbai) because of the absence of tree cover [21] . Additionally, the VIs (NDVI and EVI) are widely used to classify land cover type depending on the relationships with T s to delineate built-up areas, bare land, vegetation, water bodies, and semi-bare land [25, 26] . Some researchers apply the NDVI and EVI values to understand impervious surfaces in urban areas [27] , separating anthropogenic heat discharge and natural heat radiation from sensible heat flux [28] , and cool island intensity [29] . Though the NDVI and EVI are widely considered to generate UHI, some researchers also employ the Normalized Difference Water Index (NDWI; a function of near infrared and shortwave infrared bands) [30] , Normalized Difference Bareness Index (NDBI; a function of shortwave infrared and near infrared bands) [19] , Normalized Difference Built-up Index (NDBI; a function of shortwave infrared and thermal infrared bands) [25] , and the Soil Adjusted Vegetation Index (SAVI; a function of near infrared and red bands) [31, 32] . However, the generated UHI maps represent relatively smaller areas with often shorter time spans.
In order to address all these issues of preparing local warming maps for longer periods, our overall objective of this research was to develop a comprehensive methodological framework to enhance the spatial resolution of an existing local warming map from 1 km to 15 m that would be useful for urban/micro-level planning and decision-making. Our specific objectives were: (i) construction of high resolution EVI and NDVI maps at 15 m spatial resolution; (ii) conversion of normal air temperature, T a (i.e., 30 year average) maps at 1 km resolution available from an earlier study [12] using the VI obtained from the first objective; and (iii) generating a local warming map at 15 m spatial resolution as an efficient decision support tool at the local government level in the face of warming trends, especially in the built-up environment. Note that we attempted to enhance the spatial resolution of the air temperature normal maps from 1 km to 15 m using the VI as the temperature and the VI would be ecologically linked [33] .
Study Area and Data Requirements

General Description of the Study Area
In this study, we considered the southern part of the province of Alberta, Canada, as our study area. The area consists of a major city, Calgary, some smaller cities and townships (i.e., Cochrane, Airdrie, and Chestermere), and some rural areas within the single image captured through the Landsat-8 OLI satellite. The area covers approximately 37,772 km 2 and comprises built up areas, agricultural land, forests, and water bodies (see Figure 1 for details). Climatically, this area is cold, i.e., annual average temperature in the range of −3.6 to 1.1 • C; and dry, i.e., annual average precipitation varies between 377-535 mm [34] . 
Data Requirements and Pre-Processing
In this study, we employed several datasets, such as: Table 1 ). For validation purposes, we opted to use this previously generated data set at 1 sq. km. spatial resolution ( Figure 2 ) [12] . Brief descriptions of these datasets and the corresponding pre-processing involved are found in the following sub-sections. For the purpose of this study, we considered 'air temperature normal' as the average observed temperature over a 30 year time period that was considered in the contemporary literature and by major climate-related research organizations [35] [36] [37] [38] . The periods we used to calculate the normal air temperature were as follows: (i) 1961-1990; (ii) 1971-2000; and (iii) 1981-2010. The data were collected at several climatological stations across the province of Alberta that followed the World Meteorological Organization (WMO) standard.
In our earlier study [12] , we developed methods to delineate normal air temperature at 1 km spatial resolution, which was available for this study. In this process, there were three distinct steps. Firstly, we compared the annual average air temperature over the period 2001-2010 with the normal air temperature during the periods 1961-1990 and 1981-2010 for the five major urban centers in Alberta (i.e., Edmonton, Red Deer, Calgary, Lethbridge, and Medicine Hat). Such comparisons were accomplished by generating a co-efficient of determination (r 2 values), root mean square error (RMSE), and linear regression analysis. Secondly, we finalized the specific year that demonstrated higher r 2 and lower RMSE values to acquire MODIS-based satellite images (i.e., eight-day composite land surface temperature images at 1 km spatial resolution, MOD11A2 v.005). In this case, we observed a strong correlation between the annual average air temperature of 2004 with the air temperature normal 1981-2010 (r 2 = 0.98, and RMSE = 0.25), and again between the annual average air temperature of 2008 with the air temperature normal 1961-1990 (r 2 = 0.94, and RMSE = 0.51) [12] . Once the MODIS-derived satellite data were acquired, we pre-processed the 8-days composite images; evaluated the quality of the pixels using quality control information; and subsequently eliminated the null pixels by adopting an algorithm described in Hassan et al. [39] . Upon the completion of these stages, we finally transformed the MODIS-derived surface temperature into the normal air temperature. Then we validated the data based on information acquired from climatic stations distributed spatially within the province of Alberta; and found a reasonable agreement (i.e., r 2 ≈ 0.80; and RMSE ≈ 0.63) between them.
Landsat-8 OLI-derived NDVI Data at 15 m Spatial Resolution
We obtained a Landsat-derived NDVI image at 15 m spatial resolution, which was developed in one of our earlier studies [34] . The method of processing these data consisted of two major steps: (i) collecting the Landsat-8 OLI data and comparing the relationships between multi-spectral (MS) (red and NIR spectral bands at 30 m) and panchromatic (PAN) bands at 15 m; and consequently, determining their suitability to enhance the spatial resolution of the MS bands; and (ii) generating the NDVI at 15 m spatial resolution. We observed significant relationships between the red and PAN bands (i.e., the r 2 values were 0.84-0.96 for approximately 95% of the pixels), and weaker relationships between the NIR and PAN bands (i.e., r 2 values were approximately 0.53) [34] . The weak relation was observed due to the fact that these two bands (i.e., NIR and PAN) do not have overlapping wavelengths [34] . As a result, we resampled the 30 m NIR band into 15 m, and used them in conjunction with the pan-sharpened red band to generate the NDVI at 15 m spatial resolution. It is worth mentioning that comparisons between the NDVI generated at 15 m and 30 m (using the original spatial resolution of Landsat images) revealed strong relationships with a r 2 of~0.98 and RMSE~0.01.
In preparing the data for this study, we obtained the Landsat-8 OLI images from the United States Geological Survey (USGS) for specific days in the summer months with minimum cloud contamination. We found that the image captured on August 24 in 2013 was under relatively clear-sky conditions; it was considered for use for generating the NDVI surface at 15 m spatial resolution.
MODIS-
We obtained the MODIS-based 16-day composite NDVI and EVI data (i.e., MOD13Q1 version 006) at 250 m spatial resolution from NASA for the years 2004 and 2008. Upon downloading the data, we prepared mosaic panels and subsets to the extent of the study area. Also, we re-projected the images into the UTM zone 12 projection system using the datum NAD83. Then, we stored these images and converted them into the Geo-TIFF format for further analysis as input files in this particular research project. We calculated the annual average NDVI (NDVIy) and EVI (EVIy) from 16-day composites of 26 images (n = 26) that spanned the entire year of interest (y = 2004 and 2008) using the following expressions: 
Methods
Exploring Relationships Between MODIS-Derived Annual Air Temperature Normals and Annual Average Vegetation Indices
Once we collected and pre-processed the acquired images as described in the previous section (Section 2), we started to assess the relationships between the normal air temperatures and annual average vegetation indices (i.e., EVI and NDVI). Upon compiling the data into scatter plots (see Figure 4 for details), we observed that the data were sparsely distributed and did not follow any specific pattern of relationship between the variables of interest. It is common to observe an inverse relationship (i.e., when air temperature increased, the EVI or NDVI eventually decreased) between the temperature and vegetation indices [40] ; thus, we opted to introduce the technique of binning for the vegetation indices and calculate the corresponding average normal air temperature values. In such cases, it might be possible that lower amount of vegetation with NDVI values in the range of 0 to 0.2 over high altitudes and in the vicinity of marshy/swamp lands would not exhibit inverse relationships as assumed earlier. This would be the case as both high altitudes and marshy/swamp lands (with a presence of relatively more water) would exhibit lower temperature regimes that would be unfavorable for vegetation growth. Upon examining these relationships, we determined the effective vegetation index (i.e., NDVI in this study, see Figure 5 for details) that would have concealed better relations with the air temperature normal regimes (see details in the results and discussion section). 
Generating Long-Term Annual Average NDVI at 15 m Spatial Resolution
Upon building the relationships between the annual average NDVI and normal air temperature, we opted to calculate a long-term average of NDVI values (NDVI Long−term ) at 15 m spatial resolution using the following consecutive steps described in Hassan et al. [ 
Note that the NDVI values we derived from both the Landsat-8 OLI and MODIS sources were atmosphere-corrected. In both cases, the MODIS and Landsat-8 OLI systems conducted solar spectrum vector (i.e., 6SV) atmospheric correction methods [41] . As a result, we did not opt to apply any further procedure to pursue atmospheric corrections for the data sets.
Generating Local Warming Maps at 15 m Spatial Resolution
In order to enhance the spatial resolution of the normal air temperature at 15 m, we adapted the data fusion technique described and implemented in Hassan et al. [33] and Hassan and Bourque [42] . We directed this method by generating an artificial image plane (AI) based on instantaneous values (NDVI instantaneous ) and an average of the long-term NDVI values (NDVI average ) over a 3 × 3 moving window as described in Section 3.2 by plugging them in the following equation: AI = NDVI average NDVI instantaneous (4) Note that the AI may be considered an index that defines the relation of an instantaneous NDVI value to the average NDVI value of the surrounding pixels. In comparison to Hassan et al. [33] , and Hassan and Bourque [42] , we swapped the average and instantaneous values of NDVI in order to observe an overall negative relationship (see Figure 5 in the results and discussion section for details). Also, the AI values over water bodies (when the NDVI < 0) and high altitude and marshy lands with NDVI values from 0 to 0.2, were assumed to be 1 in order to maintain the same level of normal air temperature values. Thus, once the AI values were obtained, we then converted the normal air temperature T a normal @ 1 km values into their equivalent at 15 m T a normal @ 15 m using the following expressions:
Once we generated the normal air temperatures (i.e., 1961-1990 and 1981-2010 ) at 15 m spatial resolution, we then compared the normal maps spawned at 1 km spatial resolution in the scope of an earlier study [12] with the correlation coefficient (r 2 ) and RMSE. Finally, we produced difference maps of two climate normals to perceive local warming trends over the study area at 15 m spatial resolution. Figure 4 represents the scatter plots of MODIS-driven VI (year specific) and normal air temperatures (i.e., 1961-1990; and 1981-2010) . It displayed no relationships between the variables of interest. As a result, we decided to introduce the binning technique of data analysis to re-arrange the scatter plots into several divisions so that the relationships might closely be observed as illustrated in Figure 5 . It exhibited a negative relation with the air temperature normal when the VI values were greater than 0.2 in particular, which would be common to find in the literature [22, 32, 40, [43] [44] [45] [46] . Also, we did not observe such a generic relation between the variables of interest for the NDVI/EVI values in the range −0.1 to 0.2. Consequently, we decided to introduce the masking technique (see detail in the methods section) and recalculated the VI values against the air temperature normal for the −0.1 to 0.2 range. Intriguingly, the outcome of this analysis revealed a negative slope and strong correlation between NDVI/EVI and the air temperature values. We achieved r 2 As we did not find a negative relationship between the VI and normal air temperature up to a certain range (Figure 5 ), we assumed that it might have been due to the existence of sparse vegetation over elevated lands or in the vicinity of water bodies in the study area. It is worth noting that our study area contains rocky mountain areas and few sporadically-distributed water bodies. As a result, the binning technique was helpful to investigate the impact of such landscapes in our study area, and to perceive the dynamic relationships between VI and air temperature. Consequently, it was quite natural to see that the relationship did not exhibit a general pattern (i.e., higher NDVI values would demonstrate lower air temperature) according to scientific notions. Hence, introducing the binning technique in this analysis was found to be unique in characterizing the landscapes and vegetation covers to recognize the fact that mountainous areas would have lower air temperature with little green vegetation on top. Additionally, water bodies and surrounded swamp/marshy lands would demonstrate lower to negative NDVI values. Therefore, we ignored the negative EVI/NDVI values as they generally revealed water bodies in the study area. The other two bin classes with relatively lower EVI/NDVI values (>0.0 to 0.1, and >0.1 to 0.2) were ignored once we observed them over high altitude, and found them to be other than city areas (i.e. marshy or swamp areas). Upon pursuing these processes, we observed that the relationships between EVI/NDVI and normal air temperature demonstrated the usual schemas mentioned in the relevant literature [22, 24, 32, 40, [43] [44] [45] [46] .
Results and Discussion
Relationship Between MODIS-Based Normal Air Temperature and VI
Generating Normal Air Temperatures and Local Warming Maps at 15 m Spatial Resolution
As we obtained significant relationships between the air temperature normal and NDVI (see Figure 5 ) after introducing the binning technique, we decided to enhance the spatial resolution of the air temperature normal maps. We then executed the algorithm introduced in the methods section to generate the air temperature normal for each climate normal (i.e., 1961-1990; and 1981-2010) . Upon producing the air temperature normal maps at 15 m spatial resolution for each climate normal individually, we compared the generated maps with the 1 km spatial resolution map developed in earlier research [12] . Note that in the case of the 1 km spatial resolution warming map, we used 80% of the ground-based dataset for model calibration and the remaining 20% dataset for validation, as shown in Figure 2 . Also, we evaluated the multiple partitioning of the entire ground-based data so that the spatial distribution of the ground stations might be representative. We employed the Geospatial Modeling Environment (GME) technique to evaluate the bivariate uniform random distribution using the feature space, raster space, and extent in order to define whether a given data-point would fall within a particular rectangular boundary of interest. As a result, we used the already-developed 1 km spatial resolution warming map to validate the newly-developed 15 m resolution warming map, because: (i) the prior datasets were scientifically validated based on the observations of the ground stations for the entire province of Alberta; (ii) the present study area contained only five weather stations that captured long-term temperature data maintaining WMO standards, and thus it would not be appropriate to use such a minimal number of representative data points; (iii) the ground stations within the present study area were highly concentrated in urban areas and might not be representative for our study area; and (iv) there was a lack of long-term temperature data at the ground stations, and thus the development of a remote-sensing based model would be critical. Figure 7 shows the warming trend map (i.e., the difference between the normal air temperature maps of 1961-1990 and 1981-2010 ) generated at 15 m spatial resolution. It shows that around 58% of the study area has undergone an increased temperature shift (i.e., from 0.25 • C to greater than 1 • C; see yellow, orange, deep orange, and red color in Figure 7 for details). Additionally, about 38% of areas encountered almost no change of air temperature (i.e., in the range of −0.25 • C to +0.25 • C; as seen in yellowish green, and green color in Figure 7 ). On the contrary, around 4% of the total area had endured a minor cooling trend (i.e., less than -0.25 • C). In this case, our calculated average increase of air temperature in the study area was 0.34 • C, with a standard deviation ± 0.36 • C. Canada as a whole gained an average warming of 1.4 • C during the period 1948-2009, and the Canadian Prairie underwent an average regional warming between 0.9 to 1.7 • C [36] . These national and regional estimates of air temperature change used similar methods as those comparing the modeled air temperature reported in this study. However, the observed difference might be due to the fact that the temperature in local areas (i.e., 15 m spatial resolution) would certainly demonstrate different dynamics compared to national, regional, and global models. It is worth noting that we found an incremental shift in the normal air temperature 1961 to 2010 over most of the study area. Also, we noticed cooling patches in few areas (see Figure 6 in blue color). The pattern of spatial warming trend in our study area might have increased for several reasons, including but not limited to the following.
• Rapid urbanization coupled with intense mixed-use development (i.e., industrial/residential; or community/residential development) [47] , and brisk conversion of agricultural and forest lands to non-agricultural practices [48] made a significant contribution to the increased temperature regimes in small and major cities in our study area including Calgary, Red Deer, Cochrane, Airdrie, and Chestermere in particular. Besides, the existence of two major cities in Alberta (i.e., Calgary, and Red Deer) in the study area might have had a direct influence on the extent of the built environment, population density, anthropogenic activities, and socio-economic aspects (i.e., tourism activities) to contribute to augmenting the warming trends in and outside the city boundaries. Additionally, the fastest growing corridor of Alberta (i.e., the Calgary-Edmonton corridor), with an approximate area of about 40,000 km 2 , stretching north from Calgary through Red Deer to Edmonton, has experienced an increase in population escalation since the 1980s and was home to almost 75% of the population of Alberta in 2011 [49] . Our study area covered significant belts of this corridor and we assumed that the rapid urbanization and industrial growth in this particular region might have had a direct influence on the increased normal temperature during the 1961-2010 time period; • The North-Eastern part of our study area experienced a temperature increase of around 1 • C. This area is primarily dominated by agricultural land use near the City of Red Deer. Additionally, being the third largest producer of agri-food products in Canada [50] , Alberta experienced unprecedented pressure of development in private agricultural and economic growth (i.e., an average growth of 3.5% nationally) [50] , which might affect the shift of temperature changes in this specific region; • In the South-Western part ( Figure 6 ), there is the presence of the Rocky Mountain Areas (Kananaskis county and Banff National Park) that experienced an increase temperature during the 1961-2010 time period. This might have occurred due to the continuous development of tourism activities [51] , and relevant accomplishments (i.e., infrastructure development, catering services, and transportation services); • The cooling trends in very few areas (blue patches in Figure 6 ) in the middle of our study area were discerned and might have a direct relation to existence of waterbodies and forested lands. However, it is critical to note that the representation of such a negative temperature shift (i.e., cooling trend in this case) only accounted for around 4% (i.e., an insignificant amount) of the total study area and were sparsely distributed throughout the warming trend map.
Concluding Remarks
Within the scope of this study, we demonstrated a remote sensing-based modelling framework for local warming trends at 15 m spatial resolution. The proposed methods involved (i) the construction of high resolution EVI and NDVI maps at 15 m spatial resolution; (ii) comprehending the 1 km resolution air temperature map available from a previous study using the higher resolution VI maps; and (iii) the generation of local warming map at 15 m spatial resolution as a final product. Remarkably, the study discovered that approximately 58% of the areas experienced a somewhat increased temperature and approximately 38% did not show any significant change. However, around 4% of areas underwent a cooling trend. Moreover, we compared the outcome of this study with the normal temperatures developed at 1 km spatial resolution. The results revealed strong relationships (i.e., r 2 = 0.95 for ; and r 2 = 0.92 for the 1981-2010 normal temperature) and exhibited similar patterns of temperature change throughout the study area. However, challenges still remained regarding obtaining long-term temperature datasets through the ground-based stations to validate the model outcomes. In this context, we recommend that prior to using this method for enhanced spatial resolution warming maps, researchers or practitioners should also consider the availability of ground-based temperature data that comply with international standards. Apart from this, the scientific methods that we adopted to generate local warming maps at a high spatial resolution using remote sensing data (i.e., air temperature and vegetation indices) are critical to recognizing local warming trends at the community level. Consequently, this research outcome provides advantageous information for smaller cities and communities in preparing climate-related risks and adaptation planning in their own jurisdictional areas. For this specific study, we implemented our model in and around the city of Calgary. Finally, if the scientific community and practitioners are interested in deploying this model in their own communities, we recommend that the method should be evaluated thoroughly prior to application in other parts of the world. 
